Abstract-Rotor imbalance in induction machines has been widely studied. The signatures to look for in the stator current for detecting rotor imbalance are well established. However, an accurate explanation for the appearance of these signatures is lacking. Moreover, in most studies only a single phase of stator current has been used for detecting rotor imbalance and determining its severity. Combing imbalance features from the three phases through sensor fusion can yield more accurate and reliable results. Therefore, this paper focuses on, (i) accurate modeling of rotor imbalance to explain the genesis of its signatures in the stator current and, (ii) determining imbalance severity by sensor fusion. A test bed is established to verify the proposed approach. 
I. INTRODUCTION
BM or Condition Based Maintenance is increasingly being recognized as a better alternative to traditional periodic maintenance. This is the reason for an abundance of literature on techniques for implementing CBM [1] [2] [3] [4] [5] . While a complete CBM strategy involves three steps-diagnostics, prognostics and maintenance scheduling [6] , the first step i.e. diagnostics, has been explored the most. Moreover, due to the ubiquity of induction machines, diagnostics of their different fault modes has received special attention [7] , [8] [9] [10] [11] [12] [13] [14] and [15] . Rotor imbalance is one such fault mode. Of the different techniques used for detecting rotor imbalance, [9] , [12] , [16] [17] [18] [19] , MCSA or motor current signature analysis involving the analysis of stator current spectrum has been the most popular [9] , [17] and [19] . In this technique, Discrete Fourier transform of stator current is taken and magnitude of Fourier coefficients Himanshu Jain, Suratsavadee Korkua, and Wei-Jen Lee are with Energy Systems Research Center, Department of Electrical Engineering, the University of Texas at Arlington, Arlington, TX 76019 (e-mail: himanshu.jain@mavs.uta.edu, ksuratsavadee@yahoo.com, wlee@uta.edu). Chiman Kwan with Signal Processing, Inc. 13619 Valley Oak Circle, Rockville, MD 20850 (e-mail: chiman.kwan@signalpro.net). associated with fs±fr frequency components is analyzed to detect, and determine the severity of, rotor imbalance. While these imbalance signatures are well established and extensively used by researchers, literature is scant on how they appear in the stator current. Of the literature reviewed, only [9] , [14] and [20] have tried to put forth an explanation. Even among these, only [9] has tried to give a mathematical explanation for the phenomenon, while [14] and [20] have provided only short theoretical explanations. The mathematical derivation given in [9] , however, assumes the electromagnetic torque to be constant. This assumption is hard to justify as imbalance causes load torque to oscillate which can cause the electromagnetic torque to oscillate as well. Hence, a more accurate model of rotor imbalance is needed to understand the genesis of imbalance signatures.
Most papers mentioned above have focused on detecting rotor imbalance and very few [16] , [17] , [19] have established trends in imbalance features that may be used to detect the severity of rotor imbalance. In determining the trend, [16] , [17] and [19] , have used one phase of stator current. It has been pointed out in [21] that decisions based on sensor fusion are more reliable as degradation in performance of one sensor has a smaller effect on the overall decision making process. Hence, a more reliable and accurate decision regarding severity of rotor imbalance may be made if fault information from the three phases is combined.
Therefore, in view of the above discussion, this paper attempts to explain the process behind appearance of rotor imbalance signatures in stator current spectrum. Further, ANFIS (Adaptive Network based Fuzzy Inference System) and Dempster Shafer (DS) Theory are presented for combining imbalance features from the three phase currents to determine the severity of rotor imbalance.
II. ROTOR IMBALANCE MODELING
According to Space Phasor Theory [22] , an electric machine can be modeled using (1), (2) (2) and (3) and Fig. 1 are given in Table I . 
where, ) ( 2
In this research, squirrel cage induction motor (SCIM) was chosen as the test machine. In order to model SCIM, L.H.S of (2) was made zero as external voltages are not applied in a SCIM. Further, rotor imbalance was modeled by using the expression for l t given by (4) . Fig. 1 clearly illustrates the physical process responsible for origins of (4).
where, A represents the normal constant part of load torque.
III. TECHNIQUES FOR SENSOR FUSION
In the context of this research, sensor fusion implies combining rotor imbalance signatures from the three stator phases to determine the degree of imbalance. Two methods of sensor fusion were explored. These were ANFIS and DS Theory. Each of these methods is now briefly discussed.
A. ANFIS
The architecture of ANFIS as proposed in [23] is given in Fig. 2 . ANFIS is similar to any other Fuzzy Inference System except that premise parameters defining membership functions in layer 1, and consequent parameters defining node functions in layer 4 can be tuned with data. After the tuning or 'training' is complete, a 'function' is obtained that stores the relationship between inputs and output. In the context of rotor imbalance, this implies that if fault features from the three phases are fed as inputs, and corresponding fault levels assigned as outputs, then after training ANFIS determines the 'function' that relates rotor imbalance features to imbalance severity level. Hence, ANFIS is a very convenient tool for sensor fusion and due to its fuzzy characteristics can inherently model the statistical nature of real systems. Section V shows how ANFIS can be applied to determine severity of rotor imbalance by combining fault features from the three phases. 
B. Dempster Shafer (DS) Theory with Fuzzy c-means (FCM) Clustering
DS Theory is a mathematical theory of evidence. It was developed by Arthur P. Dempster and generalized later by Glen Shafer [24] . Of the various features of this theory discussed in [25] , the one that motivated its application in this research is its ability to combine evidence from multiple sources and model the conflict among them. Details of DS theory may be found in [24] [25] [26] . Three terms central to this theory are discussed briefly in the next paragraph.
The first step in using DS theory is to determine the frame of discernment or a set of hypotheses. Let it be called the power set ) ( X P where, X is any element or hypothesis in this set. Once the power set is determined, each source of evidence assigns 'mass' to each hypothesis which is called Basic Probability Assignment or BPA denoted by ) (X m . These BPAs are then combined using any of several combination rules such as Dempster's rule, Yager's rule and Inagaki's rule to yield the combined mass for each hypothesis in the power set. After evidence combination, two metrics called Belief ) (X Bel and Plausibility ) (X Pl are determined. These metrics indicate the lower and upper bound of probability for a hypothesis to be true. Difference between Belief and Plausibility is a measure of uncertainty in the evidence available for a hypothesis. However, Belief and Plausibility for a hypothesis are identical (and termed as probability), and equal to the combined mass if the power set is composed of mutually exclusive and exhaustive hypotheses. Equations (5) and (6) give the mathematical expressions for Belief and Plausibility. A and B in (5) and (6) are hypotheses in the power set.
As mentioned in the last paragraph, several methods for combining evidence under Dempster Shafer framework are available. However, Dempster's rule is recommended for cases where there is low conflict between the evidence sources [25] . Fig.10 in Section V shows that there is indeed low conflict in fault features assigned by the three phases to different imbalance severity levels. Hence, Dempster's rule was used in this research. Mathematically, evidence combination by Dempster's rule is given by (7) . 
Fuzzy c-means (FCM) Clustering
Assigning BPAs is the first step in application of DS Theory. FCM clustering may be used for this purpose [24] . FCM clustering is an unsupervised clustering algorithm that partitions a data set into a pre-determined number of clusters by minimizing an objective function. Steps for implementing FCM clustering are detailed in [24] .
In the context of rotor imbalance, each imbalance feature data point is evidence. As mentioned in the last paragraph, once FCM clustering is performed on the fault feature set of a stator phase, each data point in the fault feature set will be assigned membership values corresponding to each cluster. If the number of hypotheses is equal to the number of clusters; membership values are equal to BPAs. FCM clustering can easily assign BPAs to each hypothesis through this approach.
IV. SIMULATION OF ROTOR IMBALANCE IN INDUCTION MACHINE

A. Simulation Cases
Rotor imbalance modeling equations developed in Section II were solved using SIMULINK for three levels of imbalance:
Case 1 Simulation results for these cases, and an explanation for the appearance of rotor imbalance signatures is given in the next sub-section. Motor parameters used in simulation are given in Table II . 
B. Simulation Results
Electromagnetic torque, rotor speed, rotor current spectrum and stator current spectrum for the three simulation cases are given in figures Fig. 3-7 . These figures explain how rotor imbalance signatures appear in the stator current. Rotor imbalance causes an 'fr' Hz ripple to get superimposed on the constant part of the electromagnetic torque (Fig. 3) . As a result, steady state oscillations appear in rotor speed as well (Fig. 4) . Since the frequency of currents induced in the rotor depends on the rotor speed, an 'fr' Hz frequency component can be seen appearing in the rotor current (referred to the rotor) besides the normal 'fs-fr' Hz frequency component (Fig.  5 ). This rotor current will induce voltages in the stator windings according to (1) , which will act as a source for stator currents. Hence, frequencies in the rotor flux induced voltages will be mirrored by the stator currents.
the rotor induced voltage contributing to sD u . Fig. 6 shows the frequency spectrum of rd i (which is also the spectrum of Phase A rotor current referred to the stator since zero sequence current is assumed absent [22] ) in which 'fs±fr' frequency components can be seen. Fig. 7 shows the same components being mirrored by the stator current as well.
Therefore, via simulation of an accurate model of rotor imbalance, very clear picture emerges of the events that lead to the appearance of rotor imbalance features in the stator current spectrum. 
V. EXPERIMENT RESULTS OF ROTOR IMBALANCE SEVERITY CLASSIFICATION USING SENSOR FUSION
A. Experiment Set-up and Feature Extraction Procedure
The test motor used for studying rotor imbalance was a 1HP, Dayton-2Z007A, 3-Φ, 2-pole, 3450rpm SCIM. Combination of nuts, bolts and washers that could be fastened to a balanced hub (Fig. 8 ) was used to create rotor imbalance in the motor.
Four levels of imbalance were created-6gm, 11gm, 16gm and 21gm. To establish a baseline, imbalance features corresponding to '0gm' imbalance or no imbalance case were also determined. Experiments with above levels of imbalance were repeated 22 times over a month, one experiment a day, to take into account the statistical nature of real world processes. Discrete Fourier transform was used to determine the imbalance signatures from each phase for each level of imbalance according to the flowchart in Fig. 9 .
Only fs+fr frequency component was extracted since fs-fr frequency component was almost equal to dc value as the test machine was running at no load with a slip of 0.03Hz. Extracting this component required a high resolution which was considered an unnecessary burden as fs+fr component was also providing the same information. Trends in Fourier coefficient magnitude of the fs+fr frequency component extracted from each phase of the stator current is given in Fig.  10 . B. Sensor Fusion results using ANFIS ANFIS was implemented using the 'anfisedit' utility of MATLAB. 'anfisedit' requires the inputs and 'desired' outputs for training data to be combined in one array such that the desired output is the last column of the array. Further, all values in the training and testing data must lie between 0 and 1. To meet the above requirements, a 110X3 array of imbalance features was first made (each column had imbalance features from a phase). There were 110 elements in a column since, as may be recalled from previous sub-section, experiment was repeated 22 times and every time 5 levels of imbalance were induced. To normalize the elements in this array, mean of imbalance features corresponding to 21gm imbalance was determined for each column. The three means were then used to divide all the elements of respective column. If after division any value exceeded 1, it was fixed at 1. In order to assign the 'desired' severity level, means of fault features from the 22 sets for every imbalance level were determined for each phase. Then, a desired severity of 0.9 was assigned to 21gm imbalance for each phase and all other levels were assigned a severity given by the relation:
'Desired' Severity of an imbalance level = 0.9*(mean of fault feature for an imbalance level) / (mean of fault feature for 21gm imbalance)
Above relation was used to determine the 'desired' severity levels for each phase. These individual 'desired' severity levels were then averaged to determine 5 'desired' severity levels. Every row of the imbalance feature array was assigned one of these five severity levels by adding a fourth column to the array. Table III shows the arrangement of this array which will be called feature array from now on.
First 95 rows (19 experiment sets) of the feature array were used for training the ANFIS, whose structure as determined by subtractive clustering function in 'anfisedit' is shown in Fig.  11 .
To check if input-output relationship was properly generalized, ANFIS was tested with the remaining 15 rows (3 experiment sets) of the feature array. Test results are shown in Fig. 12 and average training and testing errors are summarized in Table IV .
From Table IV it is clear that ANFIS was able to accurately learn the relationship between rotor imbalance features and the severity level. The highest error was 9.11% which meant 21gm imbalance being claimed as an imbalance level of 19gm or 23gm. This error is very low for making a maintenance decision. Hence, ANFIS is an effective technique for combining rotor imbalance information from the three phase currents to determine the severity of rotor imbalance. (Fig. 12a) 5.79% Average Testing Error (Fig. 12b) 2.79% Average Testing Error (Fig. 12c) 9.11%
C. Sensor fusion using DS Theory
Three mutually exclusive and exhaustive hypotheses were considered-'No Fault', 'Minor Fault' and 'Major Fault'. First three columns in every row of the feature array (prepared in the previous sub-section) correspond to the evidence assigned to an imbalance level by the three phases. BPA assignment and evidence combination to yield Belief or Plausibility or probability for the hypotheses (same in present case) was performed according to the flowchart in Fig. 13 . Tables V-VIII give the mean values of probabilities assigned to a hypothesis for an imbalance level before and after sensor fusion. From these tables, following observations may be made:
• From these observations it can be concluded that DS Theory in conjunction with FCM clustering is an effective sensor fusion technique for determining degree of rotor imbalance. Not only more accurate information is obtained about the degree of imbalance, but also there is no need to assign a 'desired' severity level.
VI. CONCLUSION
This paper provided an in-depth understanding of rotor imbalance fault and also presented techniques that may be used for a more accurate and reliable classification of rotor imbalance severity. These techniques may benefit the wind power industry since wind turbines are exposed to elements of nature and are more prone to mass imbalance of rotor. Due to remote location of wind farms, accurate information about the severity of imbalance can lead to more effective and economical maintenance decisions that may help in increasing the proportion of wind energy in the present energy mix. 
